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Motivation: How to adaptively select blocks in multiresolution block-coordinate descent algorithms.

4 Imaging inverse problems 1\ ( Classical optimization method "\ { Multiresolution decomposition h

Wavelet transform: multiscale representation that decomposes

Goal: Reconstruct an image from a degraded observation. Build a reconstruction bylsolvmg an optimization problem: an image into its low-frequency part (approximation coefficients)
— AT N : 9 and its high-frequency components (detail coefficients).
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Observation The Forward-Backward algorithm
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Ill-posed inverse problem
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The inverse operator may not exist or lead to irregular estimate. =W SO’J’ dy, ..., dlz d: d
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Optimization problem Writtef‘ in wavelet domain [1] Idea: Dynamically sample the most impactful blocks at each iteration, drawing inspiration from a proximal Gauss-

Southwell rule.
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Block-coordinate descent Forward-Backward algorithm Define activation probabilites
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Given: Step size 7, regularization parameter A J+1 k _ H =10, 1
Input: Initial coefficients (a%,dY, ..., d}) (ga'f}’ k- ’gd'f) € 10,1} . . . bi HAkH 0,1]
for k=0,1,2,... do allows to choose which blocks Activate block 72 according to
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When block 7”is updated, we only need to recompute the J + 1 terms
Coarse-to-fine update rule (MLFB, [1]) The performance depends on the context: (I AT AT, wh ),
Approximation coefficients are updated from the coarsest scale to the finest - High blur / low noise: accelerates convergence ‘ ik ik ’
ﬂ‘ i, ﬂ& ﬂ& - Low blur / high noise: performs worse than
TQ‘W " d—Z‘F . d—Z‘F . ]E?: tzziiig;at (DSl D) EI ik Convergence guarantees: convergence results in expectation can by derived from [2] under the assumption that
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Challenge: define a rule that automatically
d d d d d, d adapts to the degradation regime. VO<i<JVkeN, pf>pnm>0

( Convergence comparison - High blur and low noise regime Convergence comparison - Low blur and high noise regime \
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. . Plug & Play extension: to improve the quality of the reconstruction, replace the proximal operators by a learned denoisers
Pe rSPECtlves. - Unrolled extension: instead of a fixed wavelet transform, learn a decomposition into blocks to study the structures that naturally stand out in imaging problems
- Convergence rates w.r.t. the probabilities: derive convergences rates that depend on the selection rule to theoretically show which method is the fastest
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